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Algorithm 1 Particle filter (SIR)
[{x} wi H ] = PF({x}_y, wi_1 1L, ye)

e for i=1:M

— draw x}'c ~ q(Xk|X§c,17Yk)

o p(yelx)P(RE X 1)
— assign w) = — "
SSIEN Wy a(xk[x0:k—1,y1:%) k=17

. . i
e for each i, w' = <*—
2w

e optionally, [{%%, @'} ,] = RESAMPLE({x*,w'}},)

i i=




Algorithm 2 Resample
{x,w'}M,] = RESAMPLE({x,w'},)

e for each ¢ in {0,..., M}, ci:Z;-:lwi
e for each ¢ in {1,..., M}

— u; = uni formrandomin [0, 1]

— x' = xJ such that ¢;_y <wu; <¢j
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